Abstract: Electromagnetic tomography technology (EMT) is widely used in underground energy exploration. Limited by objective conditions, the collected projection data of electromagnetic waves are sparse and incomplete. Therefore, a study of the tomographic inversion algorithm of EMT based on incomplete projection data has an important guiding significance for the exploitation of underground energy. As a global optimization probability search algorithm, the simple genetic algorithm (SGA) has been widely used in the process of tomographic inversion. However, SGA evolves through a single population, and the values of crossover and mutation probability are always fixed, so there are risks of premature convergence and poor local search ability. To improve the performance of the SGA, a new approach of adaptive multi-population parallel genetic algorithm (AMPGA) with constraints is proposed in this paper. First, the AMPGA makes full use of multi-group adaptive co-evolution to improve the local and global search ability of SGA and restrain the risk of premature convergence. Then, the introduction of prior information as a constraint makes the results clearer and more accurate. The proposed algorithm has been verified in a numerical experiment and field tests, and the results show that the proposed algorithm can well balance global and local search capabilities, which offers a more realistic and stable tomographic result.
Introduction
With continuous energy shortages, accurate exploration of underground energy has become the mainstream of international research [1] . Electromagnetic tomography (EMT) has particular advantages over other exploration methods, such as drilling methods, 3-D seismic exploration, and channel wave tomography, as it can realize high imaging resolution, has convenient construction, and is non-hazardous [2] [3] [4] [5] . EMT has been widely used in the exploration of coal, oil, natural gas, and other mineral resources [6] [7] [8] . However, in the process of exploration, the ray coverage angle in the observation system is limited by field detection conditions, and the electromagnetic wave projection data obtained are always incomplete. Therefore, the most challenging task of EMT is solving for a large, sparse, and ill-conditioned tomographic inversion model.
In the current study, various random global search iterative methods that have attracted greater attention because of their decreased dependence on the initial model have been introduced to deal with the above problems. The simple genetic algorithm (SGA) is a highly parallel, random, and adaptive global optimization probability search algorithm developed from natural selection and evolutionary mechanisms in the biological world [9] . Since it does not depend on gradients in optimization, it has strong robustness and global search ability. Therefore, SGA is widely used in machine learning, pattern recognition, mathematical programming, and other fields [10] [11] [12] [13] [14] [15] . At the same time, SGA has also been employed as the solution of geophysical tomographic inversion problems [16] [17] [18] [19] . However, many shortcomings have also been exposed by the wide application of SGA and deeper research. In the evolution of SGA, the choice of crossover probability and mutation probability often determines the balance of global and local search ability of the algorithm. The values of crossover and mutation probability in SGA are always fixed, so there are risks of premature convergence and poor local searchability [20, 21] .
To make full use of the global evolutionary characteristics of SGA and restrain its shortcomings of premature convergence and poor local search ability in the inversion process of EMT, an adaptive multi-population parallel genetic algorithm (AMPGA) with constraints is proposed in this paper. On the basis of SGA, global and local search capabilities are improved by multi-group parallel evolution with different genetic parameters. Then, the crossover and mutation probabilities are adaptively adjusted according to the fitness value of each individual in each population, which further improves the local search ability and reduces the possibility of premature convergence. Finally, the tomographic resolution is further improved by adding the constraint with prior information.
In this research, the proposed algorithm of AMPGA with constraints has been developed combined with a numerical experiment and field test to find a better solution for the tomographic inversion model with incomplete projections. The root mean square error (RMSE) between the computed and the picked attenuation coefficient is set as the fitness reference in the optimized calculation. By repeating experiments on the algorithms, the variation characteristics of the RMSE curve and the average value of the RMSE are used to verify the accuracy and stability of the algorithms. The results show that the accuracy and stability of image reconstruction of the proposed algorithm in the EMT is significantly improved compared with the SGA, and it has important guiding significance for accurate energy exploration and mining.
Proposed Method

Inversion Model
In this paper, the electromagnetic wave tomography inversion model is established for detecting the distribution of abnormal areas within the working face in a coal mine. Due to the different electrical properties (resistivity and dielectric constant) of different media, their absorptivity to electromagnetic waves is also different. Coal with high resistivity has weak absorption of electromagnetic waves, which is beneficial to its penetration. The anomalous structures with lower resistivity, such as faults, collapse columns, and voids, have stronger shielding effects on electromagnetic wave absorption, resulting in significant energy attenuation [22] [23] [24] . Therefore, the distribution of abnormal structures within the working face can be predicted by analyzing the variation of electromagnetic field intensity in the working face.
The survey of EMT is carried out between two tunnels of the working face; the electromagnetic wave with a certain frequency is emitted in one roadway and received in another roadway. The fixed points method is always adopted for observation, which is fast, efficient, and easy to coordinate. The transmitter is relatively fixed in a certain period of time, and the receiver observes its field strength point by point in a certain range, which is shown in Figure 1 . The Hi received by the acquisition station of the i-th ray is
where H0 is the original field strength emitted at the signal source, β is the attenuation coefficient, and r is the length of the i-th ray.
After the detection area is discretized as shown in Figure 1 , xj is the attenuation coefficient of the j-th grid, and dij is the interception of the i-th ray passing through the j-th grid. Therefore, in the path of i-th ray, the expression of βr can also be described as
If yi is defined as
Assuming that the total number of rays is A and the total number of grids is B, the matrix equation can be obtained from multiple observations with different signal sources: 
It can also be expressed as
where [D] is the (A*B) matrix operator, which is the intercept of each ray in all meshes; [Y] is the A dimensional constant vector acquired from the EMT survey, which is related to the measured field The H i received by the acquisition station of the i-th ray is
where H 0 is the original field strength emitted at the signal source, β is the attenuation coefficient, and r is the length of the i-th ray.
After the detection area is discretized as shown in Figure 1 , x j is the attenuation coefficient of the j-th grid, and d ij is the interception of the i-th ray passing through the j-th grid. Therefore, in the path of i-th ray, the expression of βr can also be described as
If y i is defined as
then
Assuming that the total number of rays is A and the total number of grids is B, the matrix equation can be obtained from multiple observations with different signal sources:
. .
where [D] is the (A*B) matrix operator, which is the intercept of each ray in all meshes; [Y] is the A dimensional constant vector acquired from the EMT survey, which is related to the measured field strength; [X] is the B dimensional attenuation coefficient vector, which is the goal of tomographic inversion.
Limited by field construction conditions, the number of rays is always far less than the number of grids. Therefore, an approximate solution of a sparse, ill-conditioned Equation (6) must be found. In this paper, the value of [X] is required when the objective function (F) reaches the global minimum according to the AMPGA. F is defined as the root mean square error (RMSE) of the value of the attenuation coefficient between that computed and that acquired from the survey:
On this basis, this paper attempts to improve the effect of tomographic inversion by adding the prior information to constrain the iteration direction. The prior information is acquired from the tunnels, and the mathematical model that needs to be reconstructed after introducing a prior constraint is described by
where Q is the set of grid numbers corresponding to the revealed prior information.
The AMPGA Algorithm with Constraint
The goal of this paper is to search for the attenuation coefficient closer to the globally optimal solution corresponding to the mathematical model (8) . The algorithm of AMPGA with constraints is employed to cover the shortage of SGA, such as premature convergence and poor local search ability, and the specific process is shown in Figure 2 .
(1) Initialize the involved parameters. (h) Determination of the crossover probability P c (g, p, n) and the mutation probability P m (g, p, n), where P c (g, p, n) is the crossover probability of the n-th individual in the p-th population when it evolved to the g-th generation, P m (g, p, n) is the mutation probability of the n-th individual in the p-th population when it evolved to the g-th generation.
The values of the crossover probability P c and the mutation probability P m determine the equilibrium of the algorithm's global search and local search capabilities. Many scholars recommend choosing a larger P c and a smaller P m [25] ; however, there are still countless ways to value P c and P m . For different choices, the optimization results vary greatly. In AMPGA, different genetic parameters are set for different populations, which improves the global and local search ability [26] [27] [28] . In this paper, the range of P c is defined between (P c ) min and (P c ) max , and the range of P m is defined between (P m ) min and (P m ) max .
(P c ) max = 0.9, (P c ) min = 0.5 (P m ) max = 0.05, (P m ) min = 0.001 (9) paper, the range of Pc is defined between (Pc)min and (Pc)max, and the range of P m is defined between (Pm)min and (Pm)max. 
Operation of mutation according to P m (g, MP, n)
Introduce constraints
New population
Pop(g, MP)
Artificial selection Artificial selection In order to improve the diversity of the population and global search ability, multiple populations are employed to evolve in parallel [29] [30] [31] . Before evolution (g0 = 0), the initial genetic parameters are defined respectively: In order to improve the diversity of the population and global search ability, multiple populations are employed to evolve in parallel [29] [30] [31] . Before evolution (g 0 = 0), the initial genetic parameters are defined respectively:
where δ is an number randomly generated between 0 and 1, P c1 (g 0 , p) is the p-th population's initial crossover probability, P m1 (g 0 , p) is the p-th population's initial mutation probability.
On the other hand, in order to further improve the local search ability of the model, the idea of the adaptive genetic algorithm [32, 33] is introduced. In the course of evolution, the probability of crossover and mutation of each individual in each population is adjusted. The individuals with high fitness are given lower probability of crossover and mutation, which enables the solution to be protected into Appl. Sci. 2019, 9, 2611 6 of 17 the next generation. The individuals with low fitness are given higher probability of crossover and mutation, which enables the solution to be eliminated quickly. Therefore, the adaptive crossover and mutation probability can be used to improve the local convergence speed and search ability.
The lower limit of adaptive change of the crossover and mutation probability for each individual in each population is set as
Therefore, in the evolution process through AMPGA, the crossover and mutation probability of each individual is defined as
where f b (g, p, n) represents the fitness value of the larger value between the two individuals to be crossed in the g-th generation of the p-th population, f (g, p, n) is the n-th individual's fitness value in the g-th generation of the p-th population, f avg (g, p) is the average fitness value in the g-th generation of the p-th population, f max (g, p) is the largest fitness value in the g-th generation of the p-th population.
(2) Evolutionary operations of AMPGA.
(a) According to the genetic parameter settings, initial populations P origin (g = 0) are randomly generated within a certain prior constraint range (the value of each individual in the population is greater than 0).
where the Pop (g, p) is the p-th population in the g-th generation.
where P(g, p, n) is the attenuation coefficient model of the tomographic inversion region represented by the n-th individual in the g-th generation of the p-th population. Among them,
Binary coding is carried out for each individual in all populations.
(b) Calculate the objective function value F (g, p, n) of each individual in each population, and obtain the corresponding fitness value f (g, p, n) according to the linear ordering method with a pressure difference (SP = 2):
where Pos is the order according to the objective function value F (g, p, n).
Appl. Sci. 2019, 9, 2611 7 of 17 (c) Selection operation. The purpose of selection is to select good individuals from the current population, so that they can have the opportunity to reproduce their offspring as fathers. According to the fitness value of each individual and the generation gap GGAP, some excellent individuals are selected from the previous generation and inherited to the next generation. Among them, individuals with high fitness are more likely to be selected to contribute to the next generation with more than one offspring, which also reflects Darwin's principle of survival of the fittest.
(d) Crossover operation. A new generation of individuals is produced by crossover operation. Individuals within each population are selected randomly to exchange part of their chromosomes according to P c (g, p, n).
(e) Mutation operation. For each individual in each population, the gene value at one or some loci is changed to other alleles according to P m (g, p, n). Mutation operation not only maintains the population diversity but also ensures the local search ability. Like the biological world, the probability of mutations occurring in genetic algorithms is low. Mutation operations provide opportunities for the creation of new individuals.
(f) Introducing constraints. Adding the prior information can help improve the accuracy of the inversion image. The results from the mutation operations are corrected according to the disclosed geological information, and the correction formula is described as follows:
(g) Immigration operation. Different populations are relatively independent and are linked by immigration operators. The immigration operator introduces the optimal individuals of various populations in the evolution process periodically (every other generation in this paper) into other populations and realizes the information exchange between the populations.
The specific operation rule is to replace the worst individual in the target population with the best individual in the source population. That is:
where P (g, p + 1, n min ) is the worst individual in the target population, and P (g, p, n max ) is the best individual in the source population.
(h) Artificial selection operation. After the end of each generation, the optimal individuals of each population are selected by artificial operators to store them in elite populations. Elite populations do not have genetic operations such as selection, crossover, and mutation, to ensure that the optimal individuals produced by different populations during evolution are not destroyed or lost.
(i) Select the best individual from the elite population and Iter = Iter + 1.
(j) If Iter = MAXGEN, the process of the evolution will stop, and the result of the attenuation coefficient model is acquired. Otherwise, go to (b).
Numerical Experiment and Analysis
To demonstrate the effectiveness of the presented algorithm, we implemented it on a PC (3.3 GHz CPU, 8.0 G memory), and all algorithms were implemented in the MATLAB 2017b programming environment (MathWorks Inc., Natick, MA, USA, 2017). The numerical experimental results using the algorithm of AMPGA with constraints are illustrated in this section. According to the characteristics of the narrow working face of the coal mine, the scale of the model was 600 × 200 m in this numerical simulation test. As shown in Figure 3 , assume that there are two abnormal structures with different shapes in the working face. The attenuation coefficient of the abnormal structures was β 1 = 1 dB/m, and the attenuation coefficient of the background area was β 2 = 0.5 dB/m. First, the detection area was discretized by meshes, and the layout of observation system was as shown in Figure 4 . Among them, the length of each grid was 10 × 10 m. The distance between signal sources was 30 m and between acquisition stations was 10 m. The ray coverage angle of each signal source was 20°, the total number of rays was A = 420, and the total number of grids was B = 1200. Therefore, the solved model is highly sparse in this observation system. First, the detection area was discretized by meshes, and the layout of observation system was as shown in Figure 4 . Among them, the length of each grid was 10 × 10 m. The distance between signal sources was 30 m and between acquisition stations was 10 m. The ray coverage angle of each signal source was 20 • , the total number of rays was A = 420, and the total number of grids was B = 1200. Therefore, the solved model is highly sparse in this observation system. First, the detection area was discretized by meshes, and the layout of observation system was as shown in Figure 4 . Among them, the length of each grid was 10 × 10 m. The distance between signal sources was 30 m and between acquisition stations was 10 m. The ray coverage angle of each signal source was 20°, the total number of rays was A = 420, and the total number of grids was B = 1200. Therefore, the solved model is highly sparse in this observation system. To investigate the effectiveness of the proposed algorithm, the results of the image reconstructed based on the SGA and AMPGA (without constraint) are shown, respectively. In the numerical experiment, the attenuation coefficients near the upper and lower edges of the model were used as prior information. After 500 iterations of evolution for the different algorithms, the reconstructed results are shown in Figure 5 . To investigate the effectiveness of the proposed algorithm, the results of the image reconstructed based on the SGA and AMPGA (without constraint) are shown, respectively. In the numerical experiment, the attenuation coefficients near the upper and lower edges of the model were used as prior information. After 500 iterations of evolution for the different algorithms, the reconstructed results are shown in Figure 5 . As indicated in Figure 5 , the AMPGA with constraints has a very good performance, and the result is optimally close to the results of the model settings. The inversion image from the SGA has a large area of abnormal structure with a lower resolution, and the boundary is not obvious. The resolution of the reconstructed image has been significantly improved by introducing a variety of adaptive co-evolution strategies, which is shown in Figure 5b . After introducing a priori information as shown in Figure 5c , the quality of AMPGA of the reconstructed image is further improved with a clearer outline, and the distribution of abnormal areas is more concentrated.
To test the stability of these three algorithms, multiple repetitive tests were performed on different algorithms, and the results are shown in Figure 6 . Compared with the other two algorithms, curves obtained from the AMPGA with constraints are basically overlapping, so it has the best performance in stability. The comprehensive analysis of the repeated experiments of these three algorithms are shown in Figure 7 . After 500 generations of evolution, the average value of RMSE in As indicated in Figure 5 , the AMPGA with constraints has a very good performance, and the result is optimally close to the results of the model settings. The inversion image from the SGA has a large area of abnormal structure with a lower resolution, and the boundary is not obvious. The resolution of the reconstructed image has been significantly improved by introducing a variety of adaptive co-evolution strategies, which is shown in Figure 5b . After introducing a priori information as shown in Figure 5c , the quality of AMPGA of the reconstructed image is further improved with a clearer outline, and the distribution of abnormal areas is more concentrated.
To test the stability of these three algorithms, multiple repetitive tests were performed on different algorithms, and the results are shown in Figure 6 . Compared with the other two algorithms, curves obtained from the AMPGA with constraints are basically overlapping, so it has the best performance in stability. The comprehensive analysis of the repeated experiments of these three algorithms are shown in Figure 7 . After 500 generations of evolution, the average value of RMSE in SGA was reduced from 37.01 to 15.89 dB/m, the average value of RMSE in AMPGA was reduced from 36.15 to 4.44 dB/m, and the average value of RMSE in AMPGA with constraints was reduced from 36.15 to 3.77 dB/m. Therefore, compared with SGA, AMPGA can effectively improve the accuracy of tomographic inversion and achieve better imaging results by adding prior information. 
Field Test
Survey Area
To verify the significance of the proposed algorithm for coal mining, an electromagnetic wave tomography survey was carried at the Yanzishan Coal Mine, Datong, Shanxi Province, China. The survey area is shown in Figure 8 ; the inclined length and strike length of the working face in the detection area are 150 and 1000 m, respectively. There are seven faults, as shown in Table 1 , and two collapse columns exposed in the detection area. Collapse column X1 is between 250 and 300 m, and collapse column X2 is between 870 and 920 m in the belt entry. 
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To verify the significance of the proposed algorithm for coal mining, an electromagnetic wave tomography survey was carried at the Yanzishan Coal Mine, Datong, Shanxi Province, China. The survey area is shown in Figure 8 ; the inclined length and strike length of the working face in the detection area are 150 and 1000 m, respectively. There are seven faults, as shown in Table 1 , and two collapse columns exposed in the detection area. Collapse column X1 is between 250 and 300 m, and collapse column X2 is between 870 and 920 m in the belt entry. Figure 7 . Average of RMSE for these three algorithms according to the multiple tests; curve a is the average RMSE of the SGA; curve b is the average RMSE of the AMPGA; curve c is the average RMSE of the AMPGA with constraints.
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The instrument used in this exploration is the WKT-E CT system radio mine locator, which is produced by the Chongqing Coal Research Institute in China, and the working frequency is 0.5 MHz. The layout of the observation system is shown in Figure 9 , and the distance between signal sources was 50 m and between acquisition stations was 10 m. The ray coverage angle of each signal source was 37°, and the total number of rays was A = 418. 
Results and Discussion
After the electromagnetic field intensity data were collected from the survey experiment, the three algorithms were employed to solve the highly sparse model, which can verify the superiority 
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The instrument used in this exploration is the WKT-E CT system radio mine locator, which is produced by the Chongqing Coal Research Institute in China, and the working frequency is 0.5 MHz. The layout of the observation system is shown in Figure 9 , and the distance between signal sources was 50 m and between acquisition stations was 10 m. The ray coverage angle of each signal Figure 9 . Layout of the observing systems.
Results and Discussion
After the electromagnetic field intensity data were collected from the survey experiment, the three algorithms were employed to solve the highly sparse model, which can verify the superiority Figure 9 . Layout of the observing systems.
After the electromagnetic field intensity data were collected from the survey experiment, the three algorithms were employed to solve the highly sparse model, which can verify the superiority of the proposed algorithm by mutual comparison. First, the detection area was discretized by meshes, and the length of each grid was 10.3 × 10.3 m. The total number of grids was B = 1470. The area where the fault is not revealed in the roadway was set as the constraint for the AMPGA, and the value of the absorption coefficient was equal to the average of the entire area.
After 500 iterations of evolution for the three algorithms, the reconstructed results of the detection area are as shown in Figure 10 . The results showed that the proposed AMPGA with constraints has the best quality of the image reconstructed with the clearest outline. From Figure 10c , we can see that there are two large areas with a high absorption coefficient, from 170 to 320 m and 750 to 900 m, which show good correspondence with the exposed structure. Therefore, the exposed structure extends into the working face and penetrates the entire working face, which has a serious influence on mining. For the area of 310-750 m, the inversion result from the AMPGA with constraints shows that most of the area's absorption coefficient is low, which has basically no impact on the mining. However, the inversion result from the SGA has many scattered abnormal areas with a high absorption coefficient, which is hard to judge.
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On the other hand, in order to test the stability of these three algorithms, multiple repetitive tests on different algorithms were performed, as shown in Figure 11 . The curves obtained from the AMPGA with constraints are basically overlapping, which has the best stability. A comprehensive analysis of the repeated experiments of these three algorithms is available, as shown in Figure 12 . The average RMSE of the SGA was reduced from 16.30 to 6.90 dB/m, the RMSE of the AMPGA was reduced from 15.51 to 2.94 dB/m, and the RMSE of the AMPGA with constraints was reduced from 15.97 to 2.57 dB/m. Therefore, the AMPGA with constraints has a better stability and accuracy than the other two algorithms. At present, the survey area has been mined from left to right, mining has stopped at the position of 169 m due to the structure, and the open-off cut has been rebuilt at the position of 326 m. Finally, the coal thickness is too thin to continue mining because of the structure, and the mining has stopped at the position of 760 m. Therefore, the inversion result from the AMPGA with constraints is consistent with the real results.
On the other hand, in order to test the stability of these three algorithms, multiple repetitive tests on different algorithms were performed, as shown in Figure 11 . The curves obtained from the AMPGA with constraints are basically overlapping, which has the best stability. A comprehensive analysis of the repeated experiments of these three algorithms is available, as shown in Figure 12 . The average RMSE of the SGA was reduced from 16.30 to 6.90 dB/m, the RMSE of the AMPGA was reduced from 15.51 to 2.94 dB/m, and the RMSE of the AMPGA with constraints was reduced from 15.97 to 2.57 dB/m. Therefore, the AMPGA with constraints has a better stability and accuracy than the other two algorithms.
Furthermore, the SGA begins to converge, and the error remains basically stable after 200 generations of evolution. While the error of the AMPGA with constraints continues to decrease after 200 generations of evolution, it will not converge until after 450 generations. Therefore, the AMPGA with constraints has a better convergence effect than SGA.
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